Introduction
The Statistical methods such as optimal interpolation [e.g., Bretherton et al., 1976] provide an alternative way of mapping shelf circulation. However, such methods usually require information on the spatial scales of the currents, and such information was not available for our study area. We were also concerned that such scales may depend strongly on frequency (e.g., tides more spatially uniform than subtidal motions) and that the usual assumptions of homogeneity and isotropy may not apply on the outer ScotJan Shelf.
In the present study we used a combination of statistical and dynamical modeling in which the unknowns of the circulation model, including its open boundary conditions, are estimated from all available observations. Integrating the model forward in time then gives dynamically consistent maps of the flow. As explained in the appendix the estimation procedure involves systematically adjusting the model unknowns to minimize a cost function that includes a term proportional to the mean square difference between observations and predictions.
The fitting of time-dependent dynamical models to observations is not new. For example, it has been an essential element of meteorological forecasting for decades [e.g., Daley, 1991] . In oceanography [e.g., Bennett, 1992] , assimilation has been an active area of research for about 10 years, driven by the need for operational models of shelf and ocean circulation and ways of interpreting the vast amount of data now provided by satel- Model [Mellor, 1992] . In retrospect this was probably advantageous because it allowed us to address a number of generic questions that arise when observations are assimilated into any circulation model, simple or sophisticated. They include (1) How does one cope with the relatively small number of observations compared to the large number of unknowns in the circulation model? (2) How does one assess the performance of the assimilation model given that it is "driven" by the observations?
In a companion paper, Griffin and Thompson [1996] (hereinafter referred to as GT) describe how the assimilation scheme was used to track a group of cod larvae on Western Bank over a 19-day period in winter 1992. The present study complements GT with a more complete description of the physical oceanography of Western Bank, using data collected in spring 1991 and 1992 (Figure 2) . It also provides another assessment of the hindcast skill of the assimilation scheme, this time for spring 1992. This period was characterized by relatively weak winds, compared with the winter period examined by GT. This allowed us to use a simple slab model to predict the wind-driven currents. Many more density profiles were also available for spring, compared with winter 1992. This allowed a cleaner separation of the barotropic and baroclinic components. Finally, this study extends GT by providing more details on the assimilation scheme, its relationship to multiple regression, how prior knowledge about the circulation was introduced and, finally, how hindcast skill was assessed. Density-driven flow ud. First note that an equation for the temporal evolution of the density field has not been included in the set of governing equations. Our approach is to diagnose ud, the density-driven surface flow, from observed density profiles using (2)-(4) with 7' set to zero. 
Repeated sections made across Western

Assimilation Scheme
The wind-driven component of flow is readily predicted from the observed wind using the slab model. 
Thus the problem of estimating the density-driven component of surface flow is reduced to the problem of estimating the dis and djs. A similar approach is used to specify the normal boundary flows required for the integration of (9) To illustrate, we now describe one set of numerical experiments designed to fix ere and er•. Given the large number of runs to be performed, the results discussed in the rest of this section were obtained using a slightly courser grid resolution of 7 km. To simplify the discussion, ere and er• are taken to covary with the single parameter 7 as follows:
ere -4/37, 
Assessing Hindcast Skill
Cross validation was also used to compare the hindcast skill of the assimilation model against that of several simple statistical schemes. Specifically, the model was used to hindcast the flow at P1 after assimilating only those observations recorded more than 17 km from it (i.e., outside the data void shown in Figure 8) . To put the model fit into perspective, the flow at P1 was also hindcast using (1) the observed aow •t p2; (2) the observed flow at P3; (3) the average of the observed flows at P2 and P3; and (4) an average of all current observations outside the data void, weighted by a factor that varied as r -3, where r is distance from P1. We first discuss the errors in the mean, followed by errors at tidal periods, and then periods of several days.
The assimilation model recovers the mean flow at P l with a validation error of less than 2 cm s -1 (Table 1) The assimilation scheme is based on exact enforcement of the dynamical constraints provided by the barotropic submodel. A more general approach is to allow system noise in the governing equations and infer it using the assimilation scheme (see appendix for details). We experimented with such an approach but found, not surprisingly, that the results were highly sensitive to the assumed cova, riance structure of the system noise. For the present application we therefore decided to take the simpler approach of assuming the barotropic dynamics to hold exactly. Note the baroclinic flow component allows some flexibility in fitting the barotropic model to the current observations. However, the baroclinic component is not arbitrary; the polynomials used in its specification ensure this flow component is large scale and it must also account for the variability in the observed dynamic heights. Although we conclude data assimilation holds promise as a way of specifying open boundary conditions, it raises new problems for shelf modelers. To discuss these problems, it is convenient to formulate our assimilation scheme within the more familiar framework of multiple regression [e.g., Thacker, 1988b; Wunsch, 1996] . Following the development given in the appendix, the relationship between the observations and the unknowns In conventional shelf modeling the boundary conditions and other model unknowns are usually specified independently of interior observations. The model then is integrated over the period of interest and its performance assessed by comparing the predictions X/• against the independent observation y. In the present study the observations are used to estimate the unknowns. This leads to one of the questions raised in section 1: How does one assess the performance of the assimilation model given that it is driven by the observations? In principle, assessing the hindcast skill of the assimilation model is equivalent to assessing the fit of a multiple regression model to observations. In standard regression analysis the Hessian matrix is used to construct joint confidence regions for the true value of/•. In the present application this is not practical because the Hessian matrix is so large (typically 103 x 103) . Apart from examining the relative magnitudes of some of its off-diagonal to diagonal elements and calculating eigenvectors associated with extreme eigenvalues, the Hessian is difficult to handle. (We did calculate Hessians for some assimilation runs but chose, for the reasons given above, not to present them in this paper.) We used cross validation to assess model performance. A major difficulty with cross validation is choosing the validation data set. After some experimentation we decided to withhold observations made within a certain distance of the central mooring. Although such an approach is straightforward and of practical interest, it is somewhat arbitrary. Unfortunately, much of the statistical theory on cross validation is based on the assumption of independent and identically distributed errors. Such an assumption cannot be justified in the present situation, and so the theory is not particularly useful in choosing validation data sets. Hopefully, more experience with cross validation in the context of shelf modeling will lead to some accepted guidelines for assessing the hindcast skill of assimilation models.
The other question raised in section 1 relates to the relatively small number of observations n compared to the large number of unknowns p. Appending regularization terms to the cost function is equivalent to adding "bogus data" and therefore increasing n (see appendix). D1 is 14,544,800 x 14,544,800 .) The problem is usually overcome [e.g., Bennett, 1992] by noting/• minimizes the cost function 
